Climate change is now considered a significant threat to terrestrial biodiversity. Species distribution models (SDMs) are among the modern tools currently used to assess the potential impacts of climate change on species. Pipiza Fallé n, 1810 is a well known aphidophagous hoverfly genus (Diptera, Syrphidae) at the European level, for which sampling has been conducted across the region, and long-term databases and geo-referenced datasets have been established. Therefore, in this work, we investigated the potential current distributions of the European species of this genus and their response to future climate change scenarios, as well as evaluated stability in their ranges and potential changes in species-richness patterns. We applied three climate models (BCC_CSM1.1, CCSM4, HadGEM2-ES) to four representative concentration pathways (RCP 2.6, RCP 4.5, RCP 6.0, RCP 8.5) for two time frames (2050 and 2070). Our results show that the distribution of most Pipiza species may slightly differ under different climate models. Most Pipiza species were predicted not to be greatly affected by climate change, maintaining their current extent. Percentages of stable areas will remain high (above 50%) for the majority of studied species. According to the predicted turnover of species, northern Europe, could become the richest in terms of species diversity, thus replacing Central Europe as the current hot spot.
Introduction
Throughout Earth's history, both gradual and dramatic climate changes have occurred, and many species have adapted to these alterations. Current climate change is more rapid than the rate recorded in recent history and is consequently threatening biodiversity [1] . After land-use change, current climate change is considered the second most significant threat to terrestrial biodiversity [2] .
Among altered climate parameters, increased temperature is the most relevant for the distribution of living organisms [3] . However, the impact of changes in the levels of atmospheric forest, forest edges, tall herbs and shrubs along tracks and in open areas, whereas the predaceous larvae feed on gall-forming aphids on foliage ( [51] and references therein). Therefore, the goal of the present investigation was to: (i) investigate the potential current and future distributions of European Pipiza species under different climatic models and scenarios; (ii) evaluate stability in their ranges and (iii) describe and compare species-richness patterns due to climate changes.
Material and methods

Species occurrence data
The material used in the present study was determined by Ante Vujić. It is deposited in the museums, universities and private collections listed in S1 Appendix.
We extracted geo-referenced occurrence data for 12 European Pipiza species for the 1960-2013 period: P. accola Violovitsh, 1985 (Fig 1) .
Duplicate records were removed prior to the analysis. For reducing sampling bias, we applied a species occurrence record thinning procedure using the function 'thin' in the package red [52] in R [53] , where we used a threshold of 0.01 of the maximum distance between any two points. The procedure is explained in detail in Miličić et al. [35] . This procedure sequentially removes occurrence points that are closer to each other than a predefined distance in order to minimise environmental and geographical bias. The 'thin' function returns a dataset with the maximum number of records for a specified thinning distance when run for a sufficient number of iterations. After data processing, species with fewer than ten spatially distinct records (P. accola, P. laurusi and P. luteibarba) were removed. Occurrences of species used in this study are available at https://cbbc.pmf.uns.ac.rs/wp-content/uploads/2019/08/ Pipiza_occurence-points.xlsx
Environmental variables
Current climate data were obtained from the WorldClim database, which contains interpolations of global temperature and precipitation at a 2.5 arc minute resolution [54] . Future climate scenarios were based on four Representative Concentration Pathways (RCPs, [55] ), namely RCP 2.6, RCP 4.5, RCP 6.0 and RCP 8.5.
RCPs are developed by the Intergovernmental Panel on Climate Change [56] . The four aforementioned pathways were chosen because RCP 2.6 denotes the lowest GHG concentration pathway, based on the premise that radioactive forcing (global energy imbalance) levels will reach 3.1 W/m 2 by mid-century and will decline to 2.6 W/m 2 by 2100, while global mean temperatures will increase by 0.2-1.8˚C [57] . On the other hand, in RCP 4.5, denoted as a stabilisation scenario, by 2100, the total radioactive forcing would reach 4.5 W/m 2 and would stabilise thereafter due to the adoption of technologies and strategies aimed at reducing GHG emissions. In this scenario, global mean temperatures will increase by 1.0-2.6˚C [58] . In RCP 6.0, stabilisation by 2100 is also projected, reaching 6.0 W/m 2 [59] . Finally, RCP8.5 was considered in the present study as it is a pessimistic scenario, according to which 1,350 ppm CO 2 and 2.6-4.8˚C temperature increase would occur by 2100 [55] . Relative bioclimatic variables were downloaded from http://www.worldclim.org for 2050 (averaged for 2041-2060) and 2070 (averaged for 2061-2080) time frames, according to the Beijing Climate Center climate system model-BCC_CSM1.1 [60] , The Community Climate System Model-CCSM4 [61] and Hadley Global Environment Model 2 Earth System configuration-HadGEM2-ES [62] at a resolution of 2.5 arc minutes. Topographic variable was represented by altitude derived from a 30 m digital elevation raster [63] . Elevation data for each location were obtained from a 30m digital elevation raster [63] using DivaGis software [64] . Using Statistica 1 for Windows [65] , a box plot was generated to graphically display the positions of investigated specimens of each species in altitudinal range. Habitat variables were obtained from Corine Land Cover (CLC) [66] . The standard CLC nomenclature includes 44 land cover classes. Land cover variables were transformed into different land cover categories within every grid cell in Arc-View GIS 10.1. We chose three habitat types and calculated their areas in each 5x5 km cell. Our habitat classification generally matched the second or the third level of the Corine classification. We combined the Natural Grassland and Pastures categories into the grassland variable, whereas Broad-leafed forests, Coniferous forests and Mixed forests were merged to forest variable, and agricultural land variable was created by combining Permanently and Non-irrigated arable land, Vineyards, Fruit trees and berry plantations. Moreover, we calculated Euclidean distance from forest surface covering more than 40km 2 area. All variables have a spatial resolution of 2.5 arc minutes. Bioclimatic variables, elevation, grid cell proportion covered by grassland, forest and agricultural land, as well as distance from forest were first subjected to multicollinearity test, whereby variance inflation factors (VIF) analysis was performed for all species in the R platform [53] using the usdm package [67] . As the obtained VIF values indicated high level of collinearity we sequentially eliminated the covariate with the highest VIF from the set, before recalculating the VIFs, repeating this process until all VIFs values declined below 3. The remaining variables were incorporated into the models of the current potential distribution of each species (S1 Table) .
Modelling procedure
Current and future species distributions were modelled using a maximum entropy algorithm implemented in the MaxEnt software [68, 69] . Maxent is a machine-learning technique that can be adopted to calculate the potential geographic distribution of species based on the probability distribution of maximum entropy. It has been widely used in ecological studies with over 1.000 applications published since 2006 [70, 71] . The software can be applied to records that have not been collected as a part of systematic biological surveys, which is highly advantageous when processing data based on museum collections [72] [73] [74] . In comparison to other similar methods that yield predictions of species distribution (Classification And Regression Trees CART [75] , Bioclim [76] , Generalized Linear Models − GLM [77] , and Artificial Neural Networks [78] ), MaxEnt is an efficient method for modelling species distributions using presenceonly data. It can also be applied for processing complex interactions between response and predictor variables [27] . Available evidence further indicates that it can be applied to both categorical and continuous data variables [72] , and it efficiently transfers the model projections to another geographical area [79] .
MaxEnt models were generated as a part of the current investigation to forecast present and future geographical distribution of the selected species. To validate model performance with respect to the current potential distribution of each selected species, k-fold cross-validation was conducted for partitioning data into training and testing sets, whereby 75% of the occurrence data for each replicate was used to calibrate the model, and the remaining 25% was used to evaluate the model using the area under the curve (AUC) of the receiver operating characteristic (ROC). In general, AUC values <0.7 are indicative of an inaccurate model (with no better than random performance), whereas values >0.9 indicate a high model accuracy [68, 72] . To control model complexity and define the best combination of MaxEnt's feature classes and regularisation multipliers, we initially used the ENMeval package in R [80] . We tested 48 model candidates by using all combinations of feature types (L, LQ, LQH, LQHP, LQHPT) and regularisation multipliers (from 0.5 to 4), along with the lowest Akaike's information criteria (AICc) values (ΔAICc = 0), to select the best model candidate [80] [81] [82] .
The results yielded by the best model candidate were subsequently utilised to develop 25 different model projections for nine species, with one current and eight future projections of potential distribution for each species, resulting in 225 models in total. For the evaluation of the best model candidate prediction, in addition to the aforementioned test statistics (ROC and delta AIC), we considered low omission rates and Kappa statistics. We applied the "maximum specificity plus sensitivity" threshold, which balances both omission and commission errors, to transform each separate continuous suitability raster into binary maps representing areas of potential suitability for species occurrence [83, 84] .
Changes in species ranges were calculated by comparing the percentages of areas that were gained or lost under different climate models and RCP climate change scenarios. Furthermore, each species' map of current potential distribution and their respective future potential distributions (under all four RCP scenarios), were superimposed to assess: (1) the stable area (the area inhabited by a species today and under all future scenarios); (2) the potential new area (area not currently inhabited, but likely to be inhabited under all future scenarios); and (3) the lost area (area inhabited at the present time, but uninhabited under all future scenarios).
Species richness-Percentage turnover
Distribution maps of overall species richness for the present and future (2050 and 2070) under all four RCP climate scenarios were produced by summing all of the predicted distribution maps for individual species.
Species turnover (T) is defined as changes in the number of species in a specific location and is considered an appropriate measure of altered species composition in response to climate change at regional to continental levels [85] [86] [87] . It is calculated as the difference between current and future species composition [86] . Thus, a turnover value of 0 indicates that the predicted future assemblage will remain the same as the current one, whereas a turnover value of 100 indicates that the assemblage will change completely. To determine T, we calculated the number of species predicted to lose suitable habitat (i.e. the number of species lost-L) and the number of species predicted to gain suitable habitat (i.e. the number of additional species-G) for each grid cell. The percentages of species turnover per grid cell between the present day and either 2050 or 2070 was determined by applying the following expression, T = 100 (L + G)/(SR + G), where SR is the current predicted species richness. All analyses were carried out in ArcGIS vs. 10.1.
Ethics statement
None of the collected hoverfly species are red listed, endangered, threatened or considered to be endangered in Europe. Similarly, no species that were collected as a part ofthe present study are ranked in any IUCN list or protected by CITES. All specimens were collected on stateowned property. The collection of these species is not subjected to restriction by law and does not require collecting permits in these countries.
Results
ENMeval package results suggested the usage of hinge feature for most Pipiza species (S2 Table) . Model performance for individual species was good, as indicated by AUC and AUCTest values > 0.7 for all species.
Most of the Pipiza species assessed as a part of the current investigation are broadly distributed throughout Europe, from Fennoscandia through central and southern Europe (excluding the Iberian Peninsula that only harbours one Pipiza species, i.e. P. noctiluca). P. carbonaria is found only in the Balkans and Austria, and P. laurusi only occurs in SE Europe (Montenegro, FYR Macedonia and Greece) (Figs 1-3) .
According to the available occurrence data, the altitudinal ranges for Pipiza species were very wide, ranging from 10 to approximately 2.700 metres above sea level (m.a.s.l.) (S1 Fig). However, elevation hardly explained the current distribution of Pipiza species in Europe (Table 1) .
Although all habitat variables (proportion of the grid cell covered by forest, grassland and agricultural land, and distance to forest) affected the potential distributions of all species, their explanatory power was limited. Proportion of the grid cell covered with agricultural land had the greatest contribution among all investigated habitat variables for P. fasciata, P. notata, P. lugubris, P. noctiluca and P. quadrimaculata at 39.1, 24.8, 19.9, 6.0, and 5.6%, respectively. The ranges of all investigated species were mostly influenced by climatic variables. Precipitation Seasonality (BIO15) was the most significant contributor to the distribution of P. austriaca, P. fasciata and P. lugubris, whereas P. carbonaria and P. noctiluca distributions were strongly predicted by temperature seasonality (BIO4). Mean diurnal range (BIO2) exerted the greatest influence on the distributions of P. lugubris and P. notata, while mean temperature of driest quarter (BIO9) was the most influential on P. festiva and P. quadrimaculata distribution ( Table 1 ). The contributions of other climatic variables were below 10 for all investigated species.
The study findings indicate that the species distributions projected by the CCSM4 and HADGEM2-ES climate models and scenarios were similar (S3 Table, Figs 2 and 3) , while a slight variation was obtained when BCC_CSM1.1 was applied. According to the results yielded by CCSM4 and HADGEM2-ES, all Pipiza species are predicted to lose a part of their range, with the smallest loss of 0.49% projected for P. notata for 2050 by the CCCM4 climate model (RCP 2.6) and the highest (59.55%) forecast by the HADGEM2-ES for 2070 for P. lugubris (RCP 8.5). Only three species P. carbonaria, P. noctiluca and P. notata were predicted to extend their range in the future according to the BCC_CSM1.1 climate model for both 2050 and 2070, which forecast range loss for almost all investigated Pipiza species. The only exception to these trends was noted for P. quadrimaculata predicted to extend its range in northern Europe by 2050, after which its distribution was forecast to decline by 2070 (with the losses confined mostly to central and eastern Europe). Based on the CCCM4 and HADGEM2-ES forecasts, P. quadrimaculata may reduce its range.
For most of the examined Pipiza species high percentages of stable area (over 50%) were predicted. The only exceptions are P. festiva according BCC_CSM1.1 and CCSM4, P. quadrimaculata based on the HADGEM2-ES prediction for both years ( Table 2 , Figs 2 and 3) and P. lugubris and P. notata for the 2070 year according HADGEM2-ES climate model. The greatest percentage of lost area (up to 44%), mostly from central and east Europe, was noted for P. festiva (Fig 2) . The lowest area loss, mainly on the Balkan, Iberian and Apennine Peninsulas, was recorded for P. austriaca, according to BCC_CSM1.1 and CCSM4 climate models ( Table 2 , Fig 2) . The highest proportion of a potential new area by 2050 in Fennoscandia, western part of Great Britain, the Alps and eastern Europe was predicted for P. fasciata by the CCSM4 and HADGEM2-ES climate models, while BCC_CSM1.1 predicted the highest proportion of a potential new area for P. carbonaria for the same year.
Percentage species turnover was similar for 2050 and 2070 (Fig 5) . Across all climate models and scenarios, as well as years, Fennoscandia would be the most affected by the species turnover. Slightly lower percentage of turnover (61-80%) was also predicted in eastern Europe. These results indicate increased changes in species assemblages in the northern most part of Europe in the future. These predicted changes are less pronounced according to the CCSM4 and HADGEM2-ES models. 
Discussion
We forecasted the effect of climate change on the distribution of nine Pipiza species in Europe using different climate models and scenarios for two future frames (2050 and 2070). The performance of all tested models when applied to individual species was good. Wisz et al. [88] demonstrated that the lowest AUC is typically associated with species with the lowest number of records (10-30). In general, our results support these findings. However, the AUC obtained for P. festiva and P. noctiluca was unrelated to sample size. Moreover, lower number of predictor variables (five and six, respectively) was noted for species for which the sample size was smaller (P. carbonaria and P. luteitarsis), which could compromise the potential for discerning species-environment relationships. The results obtained via BCC_CSM1.1 and the two remaining climate models differed with respect to the number of species with enlarged distribution. According to BCC_CSM1.1, three (plus P. quadrimaculata partly) of nine species may extend their range by up to 16%, whereas CCSM4 and HadGEM2-ES predict reduction in the ranges of all investigated species. This incongruence in findings may be in part related to the differences in climate sensitivity characterising these models [89] [90] [91] [92] .
Climate-related variables, especially temperature, are the most significant contributors to the current distribution of majority of the species, denoted in our investigation as: Mean [93] demonstrated that, in insects, developmental rates are affected by temperature levels within a given thermal window. The present findings could be interpreted through the biological lens, whereby we argue that the temperatures in the first months of spring likely affect the final stage of larval development and adult emergence in Pipiza species. Additionally, temperature can act indirectly by affecting phenology, abundance and quality of visiting plants that are food resource for adults, as well as for aphids that are larval prey. Although Nikolić et al. [50] concluded that most of the Pipiza species prefer forests habitats, our results showed that climate would have the most influential impact on their distribution. Moreover, climate change could fundamentally alter the composition, structure, and biogeography of forests in many regions [92] . In Europe, forest mortality due to dry and warm conditions, coupled with biotic stressors, has already increased mortality of deciduous and coniferous species [94] [95] [96] .
Despite projected potential range reduction, percentages of stable area remain high (above 50%) for most studied Pipiza species, with the exception of in P. festiva (as indicated by BCC_CSM1.1 and CCSM4), P. quadrimaculata based on the HADGEM2-ES prediction for both years and P. lugubris / P. notata for the 2070 year according HADGEM2-ES climate model. This can be explained by less expressed specific requirements, as most of the Pipiza species, while exhibiting preference for forest habitats, can be found across wide altitudinal range, while some also thrive in agroecosystems.
In general, potential new area for all Pipiza species is relatively modest (up to 23%). According to all climate models, potential new area would emerge in northern Europe, and this region would become the most species-rich on the continent. Similar patterns in range shift have been already recorded for mountainous species of the large hoverflies genus Cheilosia [37] and other insect groups in Europe. Parmesan et al. [97] observed that more than half of investigated European butterfly species have expanded their ranges to the north, as well as dragonflies and damselflies in Great Britain [98] . In a more recent SDM study conducted by Fourcade et al.
[23] using a butterfly as model species, it was predicted that its climatically suitable habitats may extended north of its realised European range. Extensive body of empirical evidence indicates that European butterflies are highly vulnerable to climate change, as most species are expected to shift their distributions considerably northwards [99] , with the northern European species likely to be the most vulnerable [100] . However, the range shift of lepidopteran species in response to future climate change may be limited by future land use and the adaptability of its host plants [23, 32, [101] [102] [103] . Available evidence further indicates that certain critical characteristics, such as low dispersal ability, degree of habitat specialization and hostile landscapes, may also play a role [99, 100, 104] . On the other hand, Hof and Svahlin's [105] investigation of 30 prospective insect pest species (Coleoptera and Lepidoptera) predicted large increases in their future distribution in Scandinavia, which may result in outbreaks in new areas.
Our results show that the region predicted to have the greatest richness of Pipiza species under all considered climate models and scenarios for the 2050 and 2070 horizons overlaps with a potentially new area in North Europe, thus replacing Central Europe as the current hot spot, making it an important centre of diversity for European Pipiza in the future. If species of this genus would be able to colonize new suitable areas far outside their current distribution, largely depend on their dispersal ability. Until now there is no known migratory Pipiza species and not enough data for this kind of estimation. Based on their comprehensive study on European bumblebees, Rasmont et al. [106] forecast a shift of suitable areas due to climate change for many species, predicting expansion toward northern Europe (especially to Fennoscandia). In the northernmost localities, the authors predicted maintenance or even an increase in the number of species. Even though the most sensitive species might be at risk in these regions, a gain is likely due to colonization from the south [106] .
When these findings are compared to the "previously reported results" for the two large European hoverfly genera, both of which are phytophagous, it can be concluded that each has specific response to climate change. In general, genus Cheilosia is better adapted to cold and is thus more affected, whereas Merodon exhibits preference to warm climate, as indicated by its south-eastern Mediterranean hot spot. Hence, in Merodon only high mountain species may potentially be negatively influenced by climate change, shifting their range more to the north, while others may even expand their distribution due to global warming [34, 37] . Genus Pipiza has a habitat preference similar to Cheilosia, as both mostly comprise of typical forest species, but with fewer exclusively high mountain species. Thus, most probably this is the reason for mild response of Pipiza, positioned in between these two phytophagous genera. On the other hand, the lack of available data about the larval host plants / prey and their distributions constrained our ability to investigate their role within the modelling framework adopted for these three genera. Additionally, Harrington et al. [107] showed that advance in first flight seasonal record of European aphids could be expected as the temperature increases. This event is also likely to influence earlier emergence of Pipiza species, but would most probably not affect the size of the stable area, which would give this aphidophagous genus a greater chance of survival despite climate changes.
The general pattern in different insect groups includes range shifts to northern latitudes and higher elevations as a result of climate change, as predicted for most well-studied groups of organisms [8] ; however future insect distributions will be governed by degree of specialization (host and habitat range) [5, 7, 108] . Although climate is expected to be the dominant factor affecting the distribution of species at the European scale [109] , the degree to which different insects will be affected by climate change may be influenced by habitat availability [21, 110] and food resources [4, 9, 109, 111] . Thus, to gain a better understanding of the sensitivity of the Pipiza species to future climate conditions, other influential variables, such as competition, food resource and larval development, that are currently unknown, should be investigated as a part of future research.
Although accurate predictions of climate and species distributions might not be entirely achievable, appropriate strategies for applying existing knowledge and bioclimatic modelling can improve our understanding of the possible effects of climate change on biodiversity, especially given continued advancements in SDM [112, 113] . Despite some notable limitations, still it is better to use results from SDMs for conservation planning than implementing conservation measures in response to climate change without any scientific basis [37] . 
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